Abstract. Directing attention to movement outcomes (external focus; EF), not body movements (internal focus; IF), is a better cognitive strategy for motor performance. However, EF is not effective in some healthy individuals or stroke patients. We aimed to identify the neurological basis reflecting the individual optimal attentional strategy using functional near-infrared spectroscopy. Sixty-four participants (23 healthy young, 23 healthy elderly, and 18 acute stroke) performed a reaching movement task under IF and EF conditions. Of these, 13 healthy young participants, 11 healthy elderly participants, and 6 stroke patients showed better motor performance under EF conditions (EF-dominant), whereas the others showed IF-dominance. We then measured prefrontal activity during rhythmic hand movements under both attentional conditions. IF-dominant participants showed significantly higher left prefrontal activity than EF-dominant participants under IF condition. In addition, receiver operating characteristic analysis supported that the higher activity in the left frontopolar and dorsolateral prefrontal cortices could detect IF-dominance as an individual's optimal attentional strategy for preventing motor performance decline. Taken together, these results suggest that prefrontal activity during motor tasks reflects an individual's ability to process internal body information, thereby conferring IF-dominance. These findings could be applied for the development of individually optimized rehabilitation programs.
Prefrontal activity predicts individual differences in optimal attentional strategy for preventing motor performance decline: a functional near-infrared spectroscopy study Takeshi 
Introduction
Focus of attention is one of the most influential factors facilitating motor performance. 1 Previous studies have investigated the effects of two distinct attentional strategies on motor performance: internal focus (IF) and external focus (EF). In the IF strategy, performers direct their attention toward body movements, whereas, in the EF strategy, performers direct their attention toward movement outcomes. Most previous studies have found that the EF strategy results in greater improvement in motor performance than the IF strategy in both healthy and clinical populations. 2, 3 The advantage of the EF strategy has been explained by the constrained-action hypothesis, 4 which states that conscious motor control associated with IF interferes with automatic control processes, whereas directing attention to movement outcomes (EF) reduces such interference. In other words, the EF strategy enhances implicit neural processes for motor control, thereby leading to improved motor performance. This hypothesis is supported by empirical studies on attentionalcapacity demands, 4 high-frequency movement adjustments, 5 and electromyography during motor tasks. 6 Despite general evidence supporting the EF strategy, several studies have reported that it is not the optimal strategy for all individuals. For example, low-skill golfers showed better performance under IF instructions than EF instructions, 7 and children who received IF instructions showed more accurate performance in a dart throwing task than those who received EF instructions. 8 Similarly, a lack of advantage of EF was reported in a legstepping task among some stroke patients. 9 Our recent studies on healthy and stroke populations demonstrated that the advantage of the EF strategy is dependent on individual modality dominance (visual or kinesthetic) for motor imagery. 10, 11 Although participants with visual imagery dominance showed better motor performance under the EF condition, those with kinesthetic imagery dominance showed higher motor performance under the IF condition. These findings suggest that the optimal combination of attentional strategy and individual motor imagery ability will most improve motor performance.
Although the behavioral evidence for the differential effects of attentional focus strategies on motor performance has accumulated over the past 20 years, the neural basis of this effect remains unclear. Indeed, few studies have applied neuroimaging modalities such as functional magnetic resonance imaging during motor tasks to investigate distinct patterns of neural activity under different attentional strategy conditions. In one study that did, a hitting-key task induced greater activity in the primary somatosensory and motor cortices under an EF strategy in which participants attended to keys that needed to be pressed rather than an IF strategy in which participants attended only to finger movement. 12 Another study reported that neural activation in the left lateral premotor cortex, left primary somatosensory cortex, and intraparietal lobule was induced by the switching of attentional focus during a finger movement task. 13 Taken together, previous neuroimaging studies strongly suggest that neural activity related to attentional strategy is mainly observed in motor-related areas. However, these studies only explored differences in activity patterns between IF and EF strategiesthey did not consider individual differences in optimal attentional strategy (i.e., differences between EF-and IF-dominant individuals). To the best of our knowledge, there have been no studies on the neural basis of individual differences in optimal attentional strategy.
We hypothesized that the prefrontal cortex is associated with individual differences during motor tasks. There are two reasons for this expectation. First, a large interparticipants variance of motor performance was markedly observed under the IF condition rather than the EF condition. 11 This trend suggests that the optimal attentional strategy depends mainly on an individual's capacity to process internal body information under the IF condition and not on individual differences in processing external outcome information under the EF condition. From a functional viewpoint, the prefrontal cortex is a well-known critical area for processing internal body information, such as tactile stimuli 14 and haptic information. 15 Second, the prefrontal cortex is involved in efficient learning with a limited cognitive capacity, as explained in cognitive load theory. 16, 17 Specifically, previous studies have reported that the prefrontal cortex is related to intrinsic load, which depends on individual skills or task difficulty as well as germane load, which involves the construction of schemas that contribute to learning enhancement. [18] [19] [20] Furthermore, the cognitive ability based on limited capacity, as described above, can change with age and educational background and is reflected as neural activity in the prefrontal cortex. 21, 22 Thus, evaluating prefrontal activity is a reasonable approach for characterizing individual differences in cognitive neural processes. Of note, individual differences in optimal attentional strategy during a motor task have been reported in both healthy and clinical populations.
10,11 Thus, we expect that the prefrontal cortex is a common neural basis underlying an individual's optimal attentional strategy independent of age or motor disability.
To test our hypotheses, this study examined whether neural activity in the prefrontal area reflects individual optimal attentional strategy for motor performance. If the constrained-action hypothesis is true for all performers of any motor task, we predict that prefrontal activity related to attentional control will not be modulated by individual optimal attentional strategy. Alternatively, if individual cognitive processing capacity mediated by the prefrontal cortex does determine the optimal attentional strategy, we predict that prefrontal activity will be modulated by individual attentional optimality. In this study, we first classified participants into IF-and EF-dominant individuals by comparing motor performance under the IF and EF conditions. Subsequently, based on this classification, we assessed differences in neural activity in the prefrontal area during a simple motor task between IF-dominant and EF-dominant individuals. In addition, to support the commonality of the neural basis for individual optimal attentional strategy, we evaluated the classification accuracy (IF-dominant versus EF-dominant) of differential prefrontal activity in healthy individuals and stroke patients based on receiver operating characteristic (ROC) analysis.
Methods

Participants
Both clinical and healthy participants were recruited for this study. For the stroke patients, we excluded those with upper limb movement deficits unrelated to stroke as well as those with aphasia, dysarthria, visual field loss, or hemispatial neglect. Because the current task required participants to move their hand while holding a pen, we excluded stroke patients with severe paralysis. Additional exclusion criteria were sensory loss of the upper limb or a minimental state examination (MMSE) 23 score less than 24. This MMSE cut-off value was also used as an exclusion criterion among the elderly participants. All healthy participants were right-handed, as assessed by the Edinburgh Inventory. 24 In total, 64 individuals participated in this study: 23 healthy young students recruited from Jichi Medical University (young group), 23 healthy elderly participants with no neurological or skeletomotor dysfunction recruited from the Silver Human Resources Center of Shimotsuke City (elderly group), and 18 patients with acute stroke recruited from the Department of Neurosurgery and Division of Neurology, Department of Medicine, Jichi Medical University (stroke group). We used the Fugl-Meyer Assessment of Motor Recovery (FMA) to assess motor recovery after stroke. 25 Detailed participant characteristics and the lesion site of each stroke patient are shown in Tables 1 and 2 .
This study was conducted in accordance with the Declaration of Helsinki and approved by the Institutional Review Board at Jichi Medical University. All participants provided written informed consent prior to participation and performed the following two tasks. Each participant completed the two tasks on the same day.
Task 1: Individual Optimal Attentional Strategy Classification
The first task aimed to classify participants as IF-dominant or EF-dominant by evaluating their optimal attentional strategy during a reaching task.
Experimental setup
Each participant was seated on a chair facing an LCD monitor. The distance between the participant's eyes and the monitor was ∼70 cm. All visual stimuli presented on the monitor were programmed in MATLAB (MathWorks, Natick, Massachusetts) using Cogent Toolbox software (University College London, London, United Kingdom 26 ). Healthy participants performed the reaching movements using their right hand (task hand). In the stroke group, the unaffected hand was used as the task hand for two patients with moderate hemiplegia (P07 and P10: individual FMA scores are shown in Table 2 ). Other stroke patients performed the reaching movements with their affected hand. Participants were asked to hold a digitizing pen on a drawing tablet (Intuos4 PTK-1240/K0, Wacom, Japan) with their task hand. A vibration motor attached to the index fingertip of the task hand was used to present tactile stimuli. As shown in Fig. 1(a) , the hand position was digitized using the drawing tablet and the monitor displayed a hand cursor (filled circle) as real-time visual feedback of hand movement. The hand cursor position was recorded using the Cogent Toolbox with sampling at 60 Hz. The monitor also displayed two markers indicating the start and target positions for the reaching movements (open circles). The distance between the start and target markers was 12 cm on the monitor. The ratio of the actual hand movement distance to the hand cursor movement distance was defined as the visual cursor gain (VG). In this classification task, the hand cursor moved 1.2 cm on the monitor for a 1.0-cm hand movement (VG ¼ 1.2); thus, the desired amplitude of the reaching movements on the drawing tablet was 10 cm.
Procedure
Figure 1(b) shows the time sequence of a trial. Before starting each trial, the monitor displayed written instructions to remind participants of the attentional strategy to use during the reaching movements. First, participants moved the hand cursor to the start marker when it appeared on the monitor. After a random delay period (1 to 2 s), a start cue was presented that was either a tactile stimulus delivered by the vibration motor or a brief color change of the hand cursor. The stimulus duration was 0.2 s. Participants were instructed to start the reaching movement as quickly as possible in response to the start cue. Participants were also instructed to control the hand cursor in as straight a line as possible from the start marker to the target marker. The trial ended 1 s after reaching the target marker. We then introduced the two experimental conditions, namely IF and EF. Under the IF condition, because participants were instructed to covertly direct attention to their hand movements, trials with a tactile start cue and those with a visual start cue were defined as consistent-trials and inconsistent-trials, respectively. By contrast, under the EF condition, participants were instructed to direct their attention only to the hand cursor on the monitor. Therefore, trials beginning with the visual start cue were defined as consistent-trials and those with the tactile start cue were defined as inconsistent-trials.
The classification task comprised two sessions. The IF and EF conditions were randomly assigned for the first and second sessions for each participant. Each session had three phases: baseline, learning, and relearning.
-Baseline phase.
The hand cursor moved contingently according to the participant's hand movement (visuomotor rotation angle ¼ 0 deg). All participants performed nine consistent-trials.
-Learning phase.
Clockwise (CW) or counterclockwise (CCW) visuomotor rotation was applied to the hand cursor movements. In visuomotor rotation trials, hand cursor movement was rotated by 45 deg from the origin (start marker) in either the CW or CCW direction relative to the participant's actual hand movement. Participants were required to correctly modify their hand movements to control the hand cursor in a straight trajectory. The CW and CCW settings were randomly assigned to the IF and EF conditions. Half of participants performed the reaching movements under the IF condition with the CW rotation and the EF condition with the CCW rotation, whereas the other participants performed the reaching movements under the IF condition with the CCW rotation and the EF condition with the CW rotation. The young and elderly groups performed 40 trials (35 consistent-trials and 5 inconsistent-trials) while the stroke group performed 30 trials to avoid fatigue (27 consistent-trials and 3 inconsistent-trials). The inconsistent-trials were randomly inserted among the consistent-trials. The baseline and learning phase trials were run without interruption and participants were not informed when CW or CCW rotation started.
-Relearning phase.
There was a 10-min break after the learning phase. All participants then performed nine consistent-trials again as the relearning phase. The visual feedback settings on the monitor, including the rotation angle, were identical to those in the learning phase.
Analysis
Reaction time. To confirm whether participants correctly directed their attention according to the experimental instructions, we applied the same method as used in our previous study. 10 In the learning phase, we analyzed the reaction time (RT) of each trial, defined as the delay from the presentation of a start cue (tactile or visual) to the instant where tangential hand velocity exceeds 50 mm∕s. For further analysis, we excluded RTs faster than 150 ms or slower than 1500 ms. 27, 28 Participants were considered to correctly direct their attention when the mean RT satisfied one of the following two equations: E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 6 3 ;
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 6 3 ; 6 8ð
Here, the superscripts T and V denote the modality of the start cue (tactile: T, visual: V), and the subscripts IF and EF denote the attentional condition. Equations (1) and (2) both represent the situation where RT is faster in consistent-trials than in inconsistent-trials.
Motor performance. In each trial, we quantified movement error as the area enclosed by the hand trajectory and a straight line connecting the start and target markers (in cm 2 ). Once motor skills are acquired, they can be retained over extended periods. 29 Therefore, to classify participants into IF-dominant and EF-dominant individuals, we calculated the degree of motor performance decline after a short break between the learning and relearning phases. Namely, we subtracted the mean movement error of the last three trials in the learning phase from that of the first three trials in the relearning phase in each attentional condition (D IF and D EF ). Next, we individually subtracted the degree of motor performance decline under the IF condition from that under the EF condition (ΔD ¼ D EF − D IF ). We defined the IF-dominant subgroup as participants who showed a smaller motor performance decline under the IF condition than the EF condition (ΔD > 0), and the EF-dominant subgroup as participants who showed a smaller motor performance decline under the EF condition than the IF condition (ΔD < 0).
Statistical analysis
Differences in RT were assessed by three-way repeated measures analysis of variance (ANOVA) with group (young, elderly, or stroke) as a between-subjects factor and condition (IF condition or EF condition) and modality of the start cue (tactile or visual stimuli) as within-subject factors. To evaluate the degree of motor performance decline, a three-way ANOVA was also applied to the motor performance decline with group (young, elderly, or stroke) and individual dominance (IF-dominant or EF-dominant) as between-subjects factors and condition (IF condition or EF condition) as a within-subject factor. We used a significance threshold of p < 0.05 (two-tailed) for all tests.
Task 2: Recording Prefrontal Activity Using fNIRS
The second task aimed to identify the common neural basis underlying individual differences in optimal attentional strategy among healthy and clinical populations. For this purpose, we compared prefrontal activity between IF-dominant and EFdominant individuals based on the results of the first classification task.
Experimental setup
For behavioral data acquisition, we used the same experimental setup as in the first classification task (i.e., we recorded task hand movements using a drawing tablet with a monitor displaying a hand cursor as real-time visual feedback). To record prefrontal activity, we used a multichannel fNIRS system (ETG-7100, Hitachi Medical Corporation, Kashiwa, Japan) with sampling at 10 Hz. The fNIRS probes were arranged to cover the prefrontal area [ Fig fNIRS signals reflect hemoglobin changes originating in cortical tissue due to brain activation and skin blood flow. To eliminate the influence of skin blood flow on fNIRS signals, we set eight additional short detecting probes at an interprobe distance of 1.5 cm [light blue squares in Fig. 2(a) ] and applied multidistance independent component analysis (ICA). 30 ICA is a signal discrimination method in which independent components are extracted from mixed signals. It has been successfully used for fNIRS analysis. [31] [32] [33] [34] Because signals from recording channels with a 1.5-cm interprobe distance primarily include skin blood flow signals in shallow tissues, based on these signals, we could discriminate between the effects of cortical tissue and skin blood flow on fNIRS signals. As it was possible to apply multidistance ICA only to the recording channels around the short detecting probes, the number of available recording channels was reduced to 15 [numbered circles in Fig. 2(a) ]. For the spatial registration of fNIRS maps onto Montreal Neurological Institute (MNI) coordinate space, we measured scalp landmarks and all fNIRS recording channel positions using a threedimensional magnetic space digitizer (FASTRAK, Polhemus). We then used an estimation tool without MRI. 35 Details on the spatial profiling of recording channels are provided in Fig. 2(b) and Table 3 . 
Procedure
The fNIRS task consisted of two sessions each comprising six block sets containing alternating rest (20 s) and motor (15 s) blocks. A rest block was inserted at the end of each session. To avoid fatigue in stroke patients during successive hand movements, we applied a block design with relatively longer rest blocks than motor blocks. As in the first classification task, we introduced two attentional conditions and assigned the IF and EF conditions randomly to first and second sessions for each participant.
-Rest block.
The monitor displayed the rest marker and hand cursor during all rest blocks. Regardless of the attentional condition, participants were required to match the hand cursor to the rest marker at the center of the monitor [ Fig. 3(a) ].
-Motor block.
To isolate the habituation effect of the longitudinal direction movements applied in the first classification task, we required the participants to perform cyclic movements in a lateral direction in the second fNIRS task. When each motor block started, the rest marker disappeared and participants were asked to move their hand cyclically on the drawing tablet from side to side at a comfortable speed. The hand cursor on the monitor moved horizontally according to the rightward or leftward hand movements.
Under the IF condition, participants were instructed to covertly direct their attention to their hand movements. To correctly guide participants' attention during the motor blocks, we prepared additional stimuli for cueing the turning point (direction change) of cyclic movements. If a participant's hand position exceeded AE10 cm in the x-axial direction from the center of the drawing tablet, tactile stimuli were provided on the index fingertip by the vibration motor. Participants were requested to keep their hand movement amplitude constant throughout the motor block based on presentation of tactile stimuli (i.e., the desired hand movement amplitude was maintained at 20 cm on the drawing tablet). Furthermore, to confirm participants' attentional strategies, VG was gradually decreased to from 1 to 0.6. If a participant correctly maintained the desired hand movement amplitude, the hand cursor movement amplitude on the monitor gradually decreased from 20 to 12 cm [ Fig. 3(b) ].
By contrast, under the EF condition, participants were instructed to direct their attention only to the hand cursor on the monitor. To indicate the turning point, the color of the hand cursor changed when the hand cursor position exceeded AE10 cm in the x-axial direction from the monitor center. Participants were also requested to keep the hand cursor movement amplitude constant throughout the motor block based on presentation of the visual stimuli (i.e., the desired hand cursor amplitude was 20 cm on the monitor). VG gradually increased from 1 to 1.5, so the amplitude of hand movement on the drawing tablet was expected to gradually decrease from 20 to 12 cm [ Fig. 3(c) ]. General linear model (GLM) analysis 37, 38 for prefrontal activity. Previous studies have reported that GLM is capable of detecting task-related hemodynamic changes in the cortex in fNIRS data. 39, 40 In this study, to identify prefrontal regions related to individual differences in optimal attentional strategy, we used GLM analysis with least-squares estimation of the oxy-Hb and deoxy-Hb signals. For the preprocessed oxy-Hb and deoxy-Hb signals, a Gaussian function with a peak time of 6 s and full-width half-maximum of 5.4 s were used as a hemodynamic response function to better mimic brain signals. The resulting beta values at each recording channel estimated by the GLM analysis were then used in the group analysis to determine the experimental task effect.
Prefrontal activity-based classification. We tried to classify the optimal attentional strategy using the estimated beta values reflecting individual prefrontal activity and to evaluate the classification accuracy using leave-one-out cross-validation. To select the channels reflecting the optimal attentional strategy, we focused on the significance of the inter-subgroup difference between IF-and EF-dominant individuals. Next, to calculate classification accuracy, a classification index (CI) from a weighted linear summation model was calculated for each participant using E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 6 3 ; 2 5 6 CI ¼
where the subscript ch denotes the selected channel number and k is a weighted coefficient of the selected channel. Based on CI excluding one participant, we searched for the best cut-off value to distinguish IF-dominant from EF-dominant individuals. For this purpose, an ROC analysis was performed. The sensitivity (i.e., true-positive rate) was plotted against the 1 − specificity (i.e., false-positive rate) and accuracy was measured as the area under the curve (AUC). To determine the best weighted coefficients for this prefrontal activity-based classification, these steps were repeated while changing k from 0 to 1 in 0.01 increments to identify the value yielding the highest AUC. It should be noted that when the number of channels with a significant inter-subgroup difference is 1, CI is identical to the beta value in each participant (i.e., k ¼ 1). For the excluded participant, we determined whether an IF-or EF-dominant individual was above or below a given cut-off value for CI. Next, to quantify the classification accuracy, we replaced the excluded participant, recalculated the cut-off value, and classified the excluded participant's optimal attentional strategy (repeated 64 times in total).
Statistical analysis
Movement amplitudes were analyzed by three-way repeated measures ANOVA with group (young, elderly, or stroke) as a between-subjects factor and condition (IF or EF) and attentional target (hand or hand cursor) as within-subject factors. To explore intersubgroup differences in the prefrontal activity, we compared the beta values of oxy-Hb and deoxy-Hb signals between the IF-and EF-dominant subgroups in each recording channel using t-test. To adjust for multiple testing, we applied false discovery rate (FDR) correction 41, 42 with the significance threshold set at p < 0.05 (FDR-corrected). Regarding the AUC, because the sample size is insufficient for classification analysis, to alternatively assess the original highest AUC, we repeatedly calculated AUCs on the basis of a randomized group of participants (i.e., we randomly classified the participants into IF-and EFdominant subgroups and calculated AUC 3000 times). Then, we compared the original highest AUC and the randomized data-based AUCs.
Results
Task 1: Individual Optimal Attentional Strategy Classification
Reaction time
We excluded trials in which RT did not meet our criterion (<150 or >1500 ms). deviate from the required straight trajectory. When the hand cursor movement was rotated relative to the actual movement during the learning phase (starting after the 10th trial), movement error markedly increased and then gradually decreased. Toward the end of the learning phase, the error reached a plateau, indicating that participants had adapted to the visuomotor rotation. After the 10 min break, regardless of the same visuomotor rotation disturbing hand movement in the relearning phase, participants quickly readapted. By comparing the degree of motor performance decline between the IF and EF conditions as shown in Fig. 4(d) , we classified participants into an IF-dominant subgroup (ΔD > 0, young: n ¼ 10, elderly: n ¼ 12, stroke: n ¼ 12) and EFdominant subgroup (ΔD < 0, young: n ¼ 13, elderly: n ¼ 11, stroke: n ¼ 6). Analysis of motor performance decline revealed a significant main effect of group [Fð2;58Þ ¼ 4.96, p ¼ 0.010, η < 0.0088) . Therefore, we can assume that participants correctly directed their attention to their hand in the IF condition or the hand cursor in the EF condition according to the experimental instructions. Second, the amplitude changes of the hand and hand cursor did not show any significant differences among the young, elderly, and stroke groups (all ps ¼ 0.99). These results indicate that prefrontal activity was not affected by individual motor performance itself.
Prefrontal activity
Based on the individual optimal attentional strategy evaluated in the first classification task, we compared the prefrontal activities between the IF-dominant subgroup (n ¼ 34) and EF-dominant subgroup (n ¼ 30). 
Prefrontal activity-based classification
Using the estimated beta values of oxy-Hb signal in ch.8 under the IF condition, we then attempted to predict an individual's optimal attentional strategy. Because the number of channels with a significant intersubgroup difference was 1, we applied the individual's beta value as the CI. In the repeated ROC analysis based on leave-one-out cross-validation, the highest AUC was 0.74 ( Fig. 7) and the mean AUC was 0.74 AE 0.00027 SD. At the optimal cut-off value, IF-and EF-dominant individuals were distinguished with a sensitivity of 0.71 and specificity of 0.73 (open circle in Fig. 7 ). In addition, we confirmed that the original highest AUC was relatively higher than the randomized data-based AUCs (AUC range: 0.729 to 0.500; ratio of 0.7 or more: 0.37%). Furthermore, the classification accuracy using the optimal cut-off value was 71.9% (46 of 64 for all participants). 
Discussion
Consistent with our previous studies, 10, 11 we found individual differences in the optimal attentional strategy for improving motor performance in healthy and clinical populations. In contrast to previous studies concluding that EF is generally superior, we replicated our previous finding that the EF strategy does not lead to better motor performance in a substantial subset of participants. Furthermore, in this study, we revealed the common neural basis of individual optimal attentional strategy. Contrary to previous neuroimaging studies demonstrating that motorrelated areas are involved in the effect of focus of attention, 12, 13, 43 we found that the oxy-Hb signal change in the left FPC and left dorsolateral prefrontal cortex (DLPFC) during the IF strategy reflected individual motor performance. This finding supports our hypothesis that the prefrontal area is an important region encoding individual optimal attentional strategy. Based on this finding, we further developed a classification method for IF-dominant and EF-dominant individuals based on task-related neural activity in the left FPC and DLPFC. We propose that cognitive processing of internal body information in the left FPC and DLPFC is a critical determinant of individual optimal attentional strategy for motor tasks.
We presume that the left FPC and DLPFC are both important areas underlying individual optimal attentional strategy in healthy and clinical populations during motor tasks. The prefrontal cortex contributes to multiple cognitive functions such as attentional control and working memory 44 as well as processing attention to action through connectivity with the premotor cortex. 45 This functional link between the prefrontal cortex and motor-related areas is consistent with current findings that individual activity in the FPC and DLPFC is linked to motor performance. Notably, we found individual differences in left FPC and DLPFC activity patterns only under the IF condition. Specifically, individuals with IF-dominance showed stronger task-related activation in these areas than those with EFdominance. These findings indicate that the individual ability of the FPC and DLPFC to process internal sensorimotor information-not information from the external environment (such as visual stimuli)-determines the optimal attentional strategy during motor tasks. In fact, several previous neuroimaging studies support that the left prefrontal cortex is relevant to sensory processing of internal body information. For example, during a tactile discrimination task, left DLPFC activity increased as a function of the relative frequency difference in correct decision trials. 14 The authors concluded that the left DLPFC encodes stimulus representations that underlie veridical tactile decisions. 14 Another study found a significant difference in left DLPFC activity among different somatosensory memory loads, 46 and Kaas et al. reported that left FPC activity was associated with working memory required to maintain representations of haptic information and integrate spatial and motor components. 15 These previous reports regarding prefrontal areas in cognitive processing relevant to internal body state support our suggestion that the left prefrontal region is a critical regulator of individual optimality of IF. Alternatively, the prefrontal activity patterns observed in this study could reflect individual sensitivity to sensory inputs of internal body information. In other words, we cannot fully reject the possibility that individual characteristics of sensory processing, rather than individual cognitive ability, affected prefrontal activity. Nevertheless, it is certain that the individual ability for processing internal body information based on the prefrontal cortex can characterize the optimal attentional strategy during motor tasks. Cognitive load theory offers an additional interpretation of the relationship between FPC and DLPFC activity and motor performance. [18] [19] [20] If FPC and DLPFC strongly reflect the intrinsic load in the current task, we could expect that relatively higher activity in these regions is observed under a nonoptimal attentional condition. However, contrary to this expectation, individuals who were good at directing their attention to body movements (i.e., the IF-dominant subgroup) showed higher activity under the IF condition. Alternatively, the current findings suggest that relatively higher activity in the FPC and DLPFC under the IF condition reflects germane load, contributing to improved motor performance. 19 In other words, encouraging the assignment of a cognitive resource to the germane load might be a fundamental benefit of an individual's optimal attentional strategy during motor tasks.
The prefrontal cortex is also reportedly associated with the processing of external information. For example, the prefrontal cortex encodes spatial object configuration for visuospatial memory 47 and evaluates specific visual memory characteristics. 48 Based on these previous reports, we would expect distinct neural activation patterns between EF-and IF-dominant individuals under not only the IF condition but also the EF condition. However, in this study, we observed the distinct neural activation only under the IF condition. This discrepancy could be explained by task difficulty: when a motor task is too easy, the effects of EF strategy are not expected. 11, 49, 50 Hence, the simple motor task in the current fNIRS study, which required that participants make simple cyclical hand movements, may not have been difficult enough to engage substantial attentional resources under the EF condition. Thus, the stronger effects on motor task under the IF condition imply that IF would be more helpful for assessing individual optimal attentional strategies.
Left prefrontal activity during the simple motor task has the potential to be an accurate objective biomarker to predict individual optimal attentional strategies that lead to better motor performance. Specifically, an individual showing more intense activity in the left prefrontal cortex could better prevent motor performance decline by applying the IF strategy in a novel environment. Given that the left prefrontal cortex is one of the critical regions for processing somatosensory information, 14 it is reasonable to expect that activity in this area will distinguish the individual optimal attentional strategy during motor tasks. Although the sample size in this study was insufficient to investigate classification analysis, the optimal cut-off value calculated using ROC analysis successfully classified individual differences in all participant groups, which supports that the left prefrontal area is the common neural basis reflecting the optimal attentional strategy in both healthy and clinical populations.
Of note, symptomatic states such as lesion site, lesion side, severity, and FMA score were heterogeneous in our clinical population. A previous study reported neuroplastic changes in network connectivity among prefrontal and motor-related areas following stroke. 51 Nevertheless, the stroke group showed equivalent classification accuracy as the young and elderly groups. This result suggests that the prefrontal activity-based classification has sufficient robustness that we do not need to consider a patient's lesion side or handedness. Although we previously tried to classify the optimal attentional strategy using self-report questionnaires on motor imagery, 10,11 assessment using questionnaires is simple but highly subjective. The current fNIRS approach is useful to overcome such subjectivity.
The individual differences in optimal attentional strategy during motor tasks require a framework alternative to the constrained-action hypothesis. 4 The traditional hypothesis is that applying the EF strategy leads to greater motor automaticity and enhances motor improvement. However, the current findings suggest that attentional focus on an individual familiar sensory modality (i.e., internal body information such as tactile/somatosensory or external environment information such as visual stimuli) can also contribute to better motor performance. The major difference between our new framework and the constrained-action hypothesis is that the positive effect of attentional focus on motor control can be acquired not only under the EF strategy but also under the IF strategy. Notably, we might benefit from an individual optimal attentional strategy based on familiar sensory modalities in a specific aspect of motor learning. The motor learning process is modeled with a two-time scale function combined with a transient change (i.e., fast time scale) and a persistent change (i.e., slow time scale). 52 In our current study, participants exhibited a relatively small motor performance decline from the initial trials to the relearning phase under the individual optimal attentional condition, suggesting that the optimal strategy enhances the slow time scale process links to consistently better motor performance.
Finally, we need to consider that fNIRS signals are affected not only by the cerebral blood flow associated with local neural activity but also by the extracerebral physiological factors such as blood pressure or blood CO 2 concentration. 53 In addition, motor tasks can elicit a global component in the oxy-Hb signals. 54, 55 These factors to be excluded can yield a higher false-positive rate or false-negative rate in the analysis for fNIRS studies. 56 Even in the current study, all extracerebral physiological factors pointed out in the previous studies might be not removed. However, to detect the cerebral blood flow originated from neural activity, we applied multidistance ICA 30 and estimated neural activity-based on GLM analysis. 37, 38 Furthermore, we succeeded in confirming the typical oxy/deoxy hemodynamic patterns. In particular, the asymmetric responses between the oxy-Hb signals and the deoxy-Hb signals observed in the current fNIRS task (larger activities in the oxy-Hb signals compared with the deoxy-Hb signals) agree with a previous report that the oxy-Hb signals have greater sensitivity to change in cerebral blood flow and higher signal-to-noise ratio than the deoxy-Hb signals. 57 Thus, we can assume that the current results based on the beta values from GLM analysis were correctly detected as task-related neural activities. Of note, a previous study reported that the amplitude of the deoxy-Hb signal is approximately half of the amplitude of the oxy-Hb signal; 58 however, the deoxy-Hb signal in this study was relatively small compared with those in the previous study. The small responses in the deoxy-Hb signal may be caused by the multidistance ICA to remove the global component. A major limitation of this study is that the motor task used was rather short-term and simple compared with tasks used in clinical rehabilitation or sports training. Although our findings imply that left FPC and DLPFC activities are associated with an individual's attentional control ability, it is necessary to verify whether this holds true for long-term or complex motor tasks that are more reflective of daily activities. We have not directly investigated this point; however, both the current study and our previous work 10, 11 show individual differences in optimal attentional strategy. The consistency in the individual differences among different visuomotor tasks implies that individual differences in optimal attentional strategy are not restricted to one simple task and suggests that such differences are broadly applicable to rehabilitation and training applications. Second, the clinical population comprised only stroke patients with mild or moderate paralysis. Further research is needed to clarify the relationship between individual optimal attentional strategy and degree of severity. In addition, we need further exploration of whether other individual factors such as gender in each group affect the prefrontal activity depending on the optimal attentional strategy.
In conclusion, directing attention to body movements was found to differentially modulate prefrontal cortex activities, especially left FPC and DFLPC activities. These regions may be critical for determining an individual's optimal attentional strategy for improving motor performance. Optimal attentional strategy classification based on differential prefrontal activity could contribute to the development of personalized rehabilitation and sports training programs.
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